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et  al.,  2020). This  can  be  particularly  important  when  using  GCDs  with  coarser  spatial  resolution  (e.g., 
30  km  grid),  as  modeled  temperature  could  be  highly  influenced  by  factors  (e.g.,  orography)  that  even-
tually only affect specific areas, possibly less populated. As a way to minimize the potential bias, popula-
tion-weighted estimates have been used in previous assessments on air pollution and temperature series 
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2.2. All-Cause Mortality Data
For Switzerland, we collected all-cause daily mortality  in each canton between 1989 and 2017  from the 

















































































Earth  Science  Information  Network  –  CIESIN  –  Columbia  University,  2018).  Population  estimates  have 
been created using national census and population registries based on the highest national administrative 





























































and  population-weighted  GCDs  show  considerably  warmer  temperatures  than  unweighted  GCD  series 
(Ticino: Mean temperature weather station = 12.8°C, mean local unweighted GCD = 6.3°C) (Figure 1(a)) 
























































substantially  lower compared to  the other  four series  (e.g., excess  fractions  local population-unweighted 
GCD  =  0.38%  (95%  CI;  0.29–0.47)  versus  weather  station  =  0.55%  (95%  CI;  0.45–0.65)). While  for  Swit-



























Cold (95% CI) Heat (95% CI) Cold (95% CI) Heat (95% CI)
Weather station Excess deaths (N) 23,036 (21,091, 25,015) 2,979 (2,419, 3,493) 1,991 (1,557, 2,365) 404 (245, 547)
Excess fractions (%) 4.26 (3.90, 4.62) 0.55 (0.45, 0.65) 3.17 (2.48, 3.76) 0.64 (0.39, 0.87)
Local weighted Excess deaths (N) 23,204 (21,216, 25,093) 2,943 (2,404, 3,465) 1,905 (1,509, 2,293) 409 (250, 560)
Excess fractions (%) 4.29 (3.92, 4.64) 0.54 (0.44, 0.64) 3.03 (2.40, 3.65) 0.65 (0.40, 0.89)
Global weighted Excess deaths (N) 20,941 (19,008, 22,822) 2,906 (2,425, 3,401) 1,853 (1,448, 2,243) 438 (270, 596)
Excess fractions (%) 3.87 (3.51, 4.22) 0.54 (0.45, 0.63) 2.97 (2.34, 3.65) 0.70 (0.43, 0.96)
Local unweighted Excess deaths (N) 21,033 (19,092, 22,799) 2,064 (1,550, 2,559) 1,815 (1,440, 2,176) 423 (261, 565)
Excess fractions (%) 3.89 (3.53, 4.21) 0.38 (0.29, 0.47) 2.89 (2.29, 3.46) 0.67 (0.42, 0.90)
Global unweighted Excess deaths (N) 20,899 (19,013, 22,770) 2,842 (2,349, 3,350) 1,871 (1,445, 2,255) 437 (268, 604)
Excess fractions (%) 3.86 (3.51, 4.21) 0.53 (0.43, 0.62) 2.97 (2.35, 3.60) 0.69 (0.43, 0.96)
Note.  Cold-related  mortality  contributions  are  defined  by  days  below  the  ≤25th  percentile  of  the  temperature  distribution,  while  heat-related  mortality 
contributions are defined by days above the ≥75th percentile. N: annual number of deaths
Table 1 
Annual Excess Number of Deaths and Mortality Fractions (%) Related to Cold (≤25th Percentile) and Heat (≥75th Percentile) Estimated With Each Temperature 
















Overall,  local  high-resolution  population-weighted  GCDs  yielded  very  similar  risk  and  excess  mortality 
estimates compared to  the weather station series. Additionally, models using the former provided better 
predictability, suggesting that the high-resolution population-weighted GCDs could be a more suitable al-








Furthermore, our  findings  illustrate  the  relevance  of  accounting  for  the  uneven  population distribution 
across large regions when computing the regional-level daily mean temperatures from GCDs.








































The  application  of  different  exposure  datasets  resulted  in  minor  differences  in  the  estimated  tempera-
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